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Abstract
Focusing on chromosome 1, a recursive partitioning linkage algorithm (RP) was applied to perform
linkage analysis on the rheumatoid arthritis NARAC data, incorporating covariates such as HLA-
DRB1 genotype, age at onset, severity, anti-cyclic citrullinated peptide (anti-CCP), and life time
smoking. All 617 affected sib pairs from the ascertained families were used, and an RP linkage model
was used to identify linkage possibly influenced by covariates. This algorithm includes a likelihood
ratio (LR)-based splitting rule, a pruning algorithm to identify optimal tree size, and a bootstrap
method for final tree selection.

The strength of the linkage signals was evaluated by empirical p-values, obtained by simulating
marker data under null hypothesis of no linkage. Two suggestive linkage regions on chromosome
1 were detected by the RP linkage model, with identified associated covariates HLA-DRB1
genotype and age at onset. These results suggest possible gene × gene and gene × environment
interactions at chromosome 1 loci and provide directions for further gene mapping.
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Background
Rheumatoid arthritis (RA) is a chronic, inflammatory
autoimmune disease in which the patient's immune sys-
tem attacks primarily the joints. The mean age of onset is
between 45 and 50 years of age, although it can occur at
any age; its prevalence may be as high as 1% in adults [1].
The etiology of RA remains unknown. Many studies have
shown that RA has strong association with the HLA
marker DRB1 and there may be other genetic factors [2,3].
This disease preferentially affects women (it is three times
more common in women than men). Aside from genetic
factors and sex, other environmental factors such as smok-
ing confer about a two-fold increased risk.

Our primary goal is to improve the understanding of the
etiology of RA through more detailed linkage analysis. It
is interesting to know to what extent covariates such as
smoking, sex, or age at onset can influence the identifica-
tion of genetic loci that predispose for RA. Previous stud-
ies have found linkage evidence on chromosome 1 [4-6],
with three regions (1q36.21, 1q32.1, 1q44) implicated in
Caucasian RA patients. However, these studies have not
identified environmental factors or gene × gene interac-
tions influencing linkage on this chromosome.

Some existing model-free linkage analysis methods that
allow covariates can incorporate only one or few covari-
ates and rely on an assumption of linear covariate effects
[7-9]. However, for the NARAC data, 10 covariates were
collected for each affected family member including sex,
age at onset, HLA-DRB1 genotype, severity, anti-cyclic cit-
rullinated peptide (anti-CCP), smoking, race, rheumatoid
factor (RF), subcutaneous nodules, and joint alignment
and motion score (JAM). Several covariates may jointly
affect the identity-by-descent (IBD) allele-sharing pattern
of linked genetic markers in a nonlinear way. In this study,
we implemented a method for simultaneously testing for
linkage while incorporating possible covariates that are
associated with the linkage measurement at that locus
[10,11]. We have previously shown that this strategy can
improve power to detect linkage in the presence of gene ×
environmental interaction [11]. The method thus pro-
vides additional information to improve understanding
of disease etiology. Our objective is to apply this method
to chromosome 1 to identify genetic markers linked to
disease susceptibility genes combination with environ-
mental factors or with the HLA gene.

Methods
Statistical model
We applied the method of Xu et al. [10] for the analysis of
affected-relative-pair (ARP) data to detect linkage in the
presence of gene × environment interactions. This
method, recursive partitioning linkage (RP), is a tree-
based model for linkage analysis allowing covariates such

as truly environmental factors (e.g., air pollution), demo-
graphic factors (e.g., sex, ethnicity, age), or genotypes at
other loci.

The RP algorithm uses log-likelihood ratio (LLR) statistics
for constructing a splitting rule based on a likelihood-
ratio (LR)-based linkage model [9]. Pair-level covariates
are used for sample splitting in the RP model. A likelihood
ratio test statistic for linkage can be written as:

where the LLR is summed over all the N affected sib pairs.
The parameter λi measures the excess risk to an individual
who shares, at the marker locus, i alleles IBD with an
affected sibling compared to the population risk. λ1 corre-
sponds to IBD = 1, λ2 corresponds to IBD = 2, and λ0 =
1·fi(p) is the prior probability of sharing i alleles IBD for
affected sib pair p·gip represents the estimated probabili-
ties of sharing i alleles IBD based on marker data for pair
p. The parameters λi are estimated by optimizing the total
LR for all ARPs.

For each pair-defined binary covariate Xp (Xp = 1 or 2), the
LLR of sub-nodes can be used to test linkage in the pres-
ence of heterogeneity by estimating two sets of parameters
(λ{Xp = 1}, λ{Xp = 2}). The splitting rule is defined by identi-
fication of the covariate that gives the largest LLR statistic
over the sub-nodes, that is identifying the strongest link-
age heterogeneity. This is implemented recursively to
grow a full tree.

The next step consists of a pruning algorithm that trims
the full tree, which may otherwise overfit the data. In this
study, we used a bootstrap algorithm to estimate the devi-
ance function for choosing the optimal tree size (total
number of terminal nodes). The optimal tree size is
selected as the one with the largest estimated deviance
function [11].

After choosing the optimal tree size, we used an independ-
ent bootstrap algorithm to choose the final tree structure.
Across the trees generated in bootstrap samples that have
the same tree size as the optimal tree size, for each locus,
the proportion of the trees with particular covariate splits
can be calculated. When one covariate clearly defines link-
age heterogeneity, most bootstrap data sets will select that
covariate. When several covariates are associated with the
disease gene, bootstrap data sets may choose a variety of
tree structures and covariates. The RP model chooses, as
the final tree, the tree structure that appears most fre-
quently among all the bootstrap sampling trees [11].
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The linkage test statistic of a final tree is a global linkage
test that reflects marginal linkage and genetic heterogene-
ity. For each marker, this statistic is calculated as:

where s is the final tree size, the summation is over all the

terminal nodes, and the parameters  are estimated

from the chosen final tree structure.

NARAC data linkage analysis
Use of the North American Rheumatoid Arthritis Consor-
tium (NARAC) data set [12] was approved by the Hospital
for Sick Children Research Ethics Board. Our analysis
focuses on chromosome 1, which contains 29 genotyped
microsatellite markers. The RA disease status of each fam-
ily member was provided in the data. There was a total of
1097 individuals in 512 families with 617 affected sib
pairs used in the RP model. The covariates age at onset,
antibody anti-CCP, RF, and JAM score were dichotomized
according to their sample median, other covariates such as
race, sex, smoking, HLA-DRB1 genotype (*04 allele as risk
allele), severity, and subcutaneous nodules were dichot-
omized according to their natural levels. For each individ-
ual-level covariate, two pair-level covariates were
generated. All the pair-level covariates are defined as

binary variables with concordance for one of the two lev-
els versus other pairings.

After creating all covariates, we examined their frequen-
cies and excluded from analysis covariates in which the
rare category occurred with a frequency of 10% or less,
since power would be insufficient in such cases; therefore,
19 covariates were considered by the RP model. Gene-
hunter [13] was used to calculate the multipoint nonpar-
ametric linkage (NPL) score at each marker, the estimated
IBD sharing, and the prior pattern of IBD sharing for each
pair of affected siblings.

The global linkage test statistic does not follow an asymp-
totic χ2 distribution [11]. In order to control the type I
error, we therefore simulated 2000 data sets under no
linkage keeping the same pedigree structure, covariate
information, and disease status, using ALLEGRO 1.2C
[14]. Then we applied the RP model in these null data sets
to obtain empirical null distributions of the global linkage
test statistic. After that, we applied the RP model to the
original data set to obtain the global linkage test, and
compared it to the empirical null distribution to obtain
the empirical p-values.

Results
Figure 1 shows -log10 of the p-values from the NPL scores
and the RP model. Neither test provided strong evidence
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for linkage to chromosome 1, although both methods
had minimum p-values near 0.01 somewhere on the chro-
mosome. Using the NPL score, a suggestive region was
identified near marker 132.66 cM, and using the RP
model, we found two other suggestive regions on this
chromosome. The first region ranges from 102.02 cM to
125.51 cM, and the second region contains only the F27b
marker at 239.66 cM. Table 1 shows the associated covari-
ates in these regions from the RP models.

The HLA-DRB1 genotype was detected as an associated
covariate for all four markers in the first RP-detected
region; the high-risk subgroup consisted of relative pairs
not carrying HLA-DRB*04. Age at onset was found to be
associated with the marker at 239.66 cM (marker F27b).
The final tree structure at marker F27b is shown in Figure
2. The LLR of the ASP subgroup concordant for young age
at onset (less than the sample median age of 39 years old),
is 14.93 with a subset p-value is 0.0001; hence this sub-
group shows very strong linkage.

Discussion and conclusion
We applied a recursive-partitioning model for linkage
analysis to select covariates that are associated with the
allele-sharing patterns in relative pairs. A pruning algo-
rithm based on the bootstrap method and a final tree
structure selection algorithm was used to improve the per-

formance of the model. In the NARAC data, we identified
two linkage signals involving covariate interactions in
regions distinct from the region with the maximum NPL
score. However, the NPL peak at 132.66 cM was not iden-
tified by the RP model global linkage test. One possible
reason is that the necessity of controlling "false" splits in
the RP model (through empirical significance levels) may
reduce the power to detect marginal linkage signals.

Obtaining empirical significance levels is necessary. We
compared the empirical p-values of the detected markers
to their asymptotic p-values based on the χ2 distribution,
and noted, as expected, that the asymptotic p-values were
smaller (Table 1). This is due not only to the covariate
selection, but also to dependence between pairs from the
same pedigree [11].

The HLA_DRB1 gene has been shown to have very strong
association with RA [2,3]. Genes in other regions may also
be related to RA; however, the linkage signals of those
genes may be masked by major gene effects, such as HLA-
DRB1 gene. Linkage analysis conditional on genotypes of
the major disease genes may improve the power to detect
linkage signals in other regions. In this study, the geno-
types of HLA-DRB1 were used as potential factors modify-
ing the disease-gene linkage of other RA genes. Our results
suggest a possible interaction of the HLA-DRB1 gene and
chromosome 1 genes.

The linkage at 239.66 cM was associated with age at onset.
This suggests that people with a susceptibility allele in this
region have a higher chance to develop RA at an early age.
These detected regions and the associated factors provide
potential directions for further fine-scale gene mapping.
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Final tree for marker F27b (λ represents the relative risk parameters for affected sib pairs within each node)Figure 2
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Table 1: Suggestive linkage regions detected by RP model

Marker name (DECODE) NPL p-value Overall RP 
asymptotic p-value

Overall RP 
empirical p-value

Splitting 
covariates

Subgroup with largest 
likelihood ratio

λ1 and λ2 for this 
subgroup

H35a (102.02 cM) 0.62 0.0073 0.045 HLA-DRB1 Both without *04 allele 
in HLA-DRB1

0.82, 0.35

H19a (109.04 cM) 0.16 0.0014 0.016 HLA-DRB1 Both without *04 allele 
in HLA-DRB1

0.83, 0.40

F19b (113.69 cM) 0.23 0.0049 0.036 HLA-DRB1 Both without *04 allele 
in HLA-DRB1

0.84, 0.44

H8c (125.51 cM) 0.13 0.0040 0.035 HLA-DRB1 At least one has *04 
allele in HLA-DRB1

1.14, 1.50

F27b (239.66 cM) 0.05 0.0006 0.009 Age at onset Both age at onset less 
than median

1.34, 2.23
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